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Abstract 
Model Predictive Control (MPC) is a key issue to deal with Net Zero Energy Buildings (NZEBs) and Communities. The 
application of an MPC scheme in buildings requires an accurate building model and a weather forecast.  
How accurate needs to be a weather forecast is a common question for MPC applications.  
In this work a comfort tracking problem is solved through a receding horizon MPC Scheme. To take into account both solar gains 
and thermal inertia a second order state space model is assumed for a generic building. The Scheme is applied for Almería’s 
climate (South Spain)to a generic building for two different seasons of the year. 
The impact of forecast accuracy on comfort tracking performance is assessed through a pseudorandom heteroskedastic function. 
The result is generalized for a community of buildings. 
It is shown that solar radiation forecast uncertainty has the bigger impact on the MPC performance and a methodology to make a 
quantitative evaluation of the forecast requirements is provided. 
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1. Introduction 
Net Zero Energy Buildings are at the frontier of the energy efficiency and renewable energy sources integration in 
buildings. A proper design of these buildings, taking into account their connectivity, is a key stone to reach them. 
Once designed their operation requires of an optimal control system. It is accepted that MPC is the optimal control 
for such systems. 
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MPC requires from several ingredients: a model of the system, real-time controllers and weather forecasts. A lot 
of attention has been paid to the two first: obtaining good models for buildings and checking the robustness of the 
control scheme adopted. However, less attention has been paid to the weather forecasting requirements for such 
applications. 
A common question arises when setting-up a MPC system: How accurate should my forecast be? This work 
offers a quantitative approximation to the selection of the weather forecasting requirements for the application of 
MPC for comfort tracking in buildings. As it will be seen later on, they will be closely related to those of the solar 
irradiance forecasting. 
Reliable solar forecasting is but one aspect of the broad question of solar resource assessment. The main 
application of solar irradiance forecasting is to estimate solar power production. Different solar systems require 
different solar forecasts. For solar concentrating systems the direct normal incident irradiance must be forecast, 
whereas for non-concentrating systems primarily the global irradiance on a tilted surface is required. Efficient and 
renewable thermal comfort management inside buildings can be considered as a non-concentrating solar system. 
Many solar irradiance forecasting models have been developed. These models can be divided into two main 
groups: statistical models and Numerical Weather Prediction (NWP) models. Statistical models are based upon the 
analysis of historical data. They include time series models, satellite data based models, sky images based models, 
ANN models, wavelet analysis based models, etc. NWP models are based on the reproduction of physical 
phenomenon. A full description of the models and their accuracies regarding prediction horizon exceeds the scope of 
this work. A recent review of solar irradiance forecasting methods can be found in [1]. For known solar systems and 
applications the required accuracy for the forecast can be assessed, as for the PV systems [2]. 
Next and ongoing sections describe how a dynamic thermal model of a building can filter uncertainty in the solar 
irradiance forecast. 
 
Nomenclature 
Ti Indoor Air Temperature  
Te   Envelope Temperature 
Ta   Ambient Air Temperature 
Tset Set Point Temperature 
Ttol Comfort Tolerance Temperature 
ࢥh Heating/Cooling input 
ࢥs Global Radiation on the ground 
Rie Effective Indoor-Envelope Thermal Resistance 
Rea Effective Indoor-Envelope Thermal Resistance 
Ci Effective Indoor Thermal Capacitance 
Ce Effective Envelope Thermal Capacitance 
Aw Effective Solar Aperture 
Pmax Maximum heating/cooling power 
2. Methodology and approach 
Any study relies on the assumptions behind it. In this section it is described the different parts of the problem, 
namely: the building model chosen, the MPC Scheme applied and the case study selected. 
2.1. Building model 
One of the key issues in MPC is the chosen model to represent a building. For the comfort tracking problem 
under study, a good representation of indoor temperature response to internal (heating/cooling) and external 
(meteorological variables) excitations of the system is needed. Building modelling is a complete and active field of 
research and the choice of a building model is far from being a trivial problem. 
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Building Energy Simulation (BES) models are becoming more and more popular, flexible and versatile, with a 
growing set of applications, from building design to performance assessment. In a previous work the author showed 
that a common BES model can be calibrated to experimental data to predict indoor air temperature [3]. This fact 
suggests that, in principle, a calibrated BES model could be used in a MPC Scheme. However, MPC problems 
require of time-consuming optimization procedures who pose model execution time as a bottleneck.
On the other hand, it is common to find low order models (both in transfer function and in state-space form) for 
control purposes. In fact, in [4,5] a detailed BES model is used to obtain a low order model for MPC purposes. Low 
order models are also applied for the identification of the thermal characteristics of buildings [6] and building 
components [7].
In this work a second order state-space model has been selected, to take into account both solar gains and thermal 
inertia. Its expression is as follows:
       (eq. 1) 
2.2. MPC scheme
MPC is a kind of control that employs an explicit model of the system to be controlled which is used to predict 
the future output behavior. This prediction capability allows solving optimal control problems on line, where 
tracking error, namely the difference between the predicted output and the desired reference, is minimized over a 
future horizon, possibly subject to constraints on the manipulated inputs and outputs. The result of the optimization 
is applied according to a receding horizon philosophy: At time t only the first input of the optimal command 
sequence is actually applied to the system. The remaining optimal inputs are discarded, and a new optimal control 
problem is solved at time t+ 1. There is extensive literature covering this field and related issues such as the 
robustness of this control. The interested reader is referred to [8] for a theoretical and practical introduction to the 
field, and to [9] for a comprehensive review on MPC robustness. In the buildings sector it is not still very common to 
find MPC implementation, it can be considered a new technology. In this field, there are mainly two problems to be 
addressed by MPC techniques: optimum start time and comfort tracking. 
In this work, a MPC is applied to the comfort tracking of a building modeled by eq. 1. The control variable is 
chosen as ࢥh, the heating (or cooling) input to the space. The objective function to be minimized is related to indoor 
thermal comfort. To take into account a whole period under study, Ĳ, a cumulative discomfort objective function is 
defined as: 
 
ǡ         (eq. 2) 
 
where 
 
      (eq. 3) 
 
A comfort tolerance temperature, Ttol, is defined in a way that if indoor temperature is within its band no penalty 
is included into the objective function. The total penalty is equal to the sum of the temperature difference between 
the set point and indoor temperature for each step in the period. It should be remarked at this point that this 
definition of objective function does not take into account the energy required to achieve thermal comfort. 
It should be remarked at this point that ࢥh is related to energy demand. To model energy consumption additional 
modeling of the energy systems is required, leading to more sophisticated models that those represented by eq. 1, 
mostly non linear ones. Energy demand could also be included in the study by means of a multiobjective MPC 
Scheme. However, the multiobjective approach presents new technical issues to be addressed [10]. In a first order 
approximation it will be considered that the energy required from the system will be mainly proportional to the 
 Ricardo Enríquez et al. /  Energy Procedia  91 ( 2016 )  1024 – 1032 1027
discomfort level achieved. It seems reasonable since comfort in buildings is always assured, and the MPC failure in 
comfort tracking will result in an immediate and unexpected energy delivery. However, for more detailed and 
quantitative studies in concrete applications it should be kept in mind all these phenomena. 
To further model the energy system a maximum heating/cooling power, Pmax, is introduced as a constraint through 
the relationship:
          (eq. 4) 
Heating (cooling) power can be introduced at any time, even if no set point temperature is fixed for that instant. 
Finally, prediction and control horizons are supposed to be equal and to twenty four hours. This election combines 
both a common weather forecasting practice (1-day ahead) with building inertia.
Under these assumptions the set of equations 1-4 is a constrained optimization problem. A forward Euler method 
is employed to numerically solve eq. 1, at one hour step. The control sequence is then obtained by solving a 
constrained optimization through the L-BFGS-B algorithm [11]. The scipy stack (a python-based free and open 
source software package [12]) allows for an easy implementation of all the numerical routines in a common desktop 
computer.
2.3. Case study description
To assess forecasting needs, a case study is needed. The case study is described by the type of building and the 
weather characteristics. The type of building is set through the values of the different parameters set for eq. 1. The 
weather characteristics depend strongly of the location singularities and period of the year chosen.
The building model chosen is just a typical stance within a building. More complex geometries can be assessed, 
in principle, by joining different stances. Effective thermal resistances and capacities, as well as the effective solar 
aperture can be deduced from stance geometry and construction materials thermophysical properties. It should be 
remarked at this point that not all stances fix the model chosen together with the numerical solving strategy chosen. 
Some realistic cases do not fulfill numerical stability criteria and the model or the numerical approach should be 
changed for those cases. In this work, the following set of parameters have been chosen: 
 
    (eq. 5) 
 
There are many ways to describe one location weather characteristics. In this work a Typical Meteorological Year 
at an hourly basis for Plataforma Solar de Almería (South-East Spain, 370 5.5’ N, 20 21.2’ W) has been used. From 
this year two weeks have been selected: one of January for the winter season (heating mode) and one of July for the 
summer season (cooling mode). The tracking MPC comfort tracking mode has been set from 7h to 15h every day of 
the week, and a free floating mode is considered otherwise. The selected set points are: 22 0C for the heating season 
and 24 0C for the cooling season. This last condition is far from an efficient building, for which 20 0C for the heating 
season and 26 0C for the cooling one are better assumptions. However, the considered values for this work have been 
chosen to maximize the uncertainty effects. In that sense, a 0.5 0C discomfort tolerance temperature (Ttol) has been 
considered. These values should be adjusted to every case under study. Finally, since eq. 1 is a second order 
differential equation, initial values need to be provided. Initial indoor and envelope temperatures have been set at 18 
0C and 28 0C for the heating and cooling seasons, respectively. 
3. Results and Discussion 
3.1. MPC validation: Optimal comfort tracking 
The first step is to validate the Comfort tracking MPC proposed for the considered case study. The validation is 
performed by showing that the proposed scheme performs optimally if no uncertainty is considered. This process 
needs to be done both for the heating and the cooling seasons. To do this, for every hour a one-day-ahead weather 
forecast is produced from the TMY described previously. A perfect forecast is considered, this is, the values of the 
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TMY are used as the forecast. In the following section, the TMY values will be perturbed through a pseudorandom 
function, to take into account forecast uncertainty. 
It is worth to remember at this point that only ambient temperature and solar radiation are used, since are the only 
weather variables introduced in the model. Many authors consider also wind speed effects affecting buildings 
envelope effective thermal resistance through external convection coefficients. However, there is not a consensus in 
the community about the values of those convection coefficients, needing detailed computational fluid dynamics 
studies to assess their values in each case. Since in this work generic buildings are under consideration this effect 
has not been considered and could lead to further studies in the field.
The implemented MPC algorithm works as follows:
1. For every hour, a 24h  weather forecast is obtained.
2. For every hour, a 24h  heating (or cooling) control sequence is obtained.
3. First order of the control sequence is executed.
4. Steps 1 and 2 are repeated for the whole time series
Results are presented in Fig. 1 for the winter and in Fig. 2 for the summer seasons, respectively. In the upper side 
of the graphs temperatures are presented: indoor (continuous line), ambient (dotted line) and set point (dot series) 
temperatures. The graphs located at the bottom represent global radiation on the ground. For winter time, ambient 
temperature falls below indoor temperature and solar radiation levels are low. During summer time, ambient 
temperature oscillates above and below indoor temperature and radiation levels are much higher.
It can be seen that for the conditioning periods described previously indoor temperature follows exactly the fixed 
temperature set point. It can also be clearly observed the free floating zones, cooling down in winter and heating up 
in summer. There is no indoor temperature in the last hours of the period just because there is no forecasting time 
enough due to the end of the weather time series.
It can then be considered that the proposed scheme is valid for the case study selected, since it can follow the set 
point optimally. In the next section the effects of the uncertainty in the weather forecast will be addressed through a 
pseudorandom perturbation of the future TMY values. 
3.2. Weather forecast uncertainty impact on MPC performance 
To assess weather forecast uncertainty impact the same MPC as in the previous section is applied, but with a 
modified weather forecasting algorithm. In this case, a heteroskedastic pseudorandom perturbation is applied to the 
TMY values to obtain the weather forecast at each timestep. The equation governing the perturbation can be 
expressed as follows: 
 
.       (eq. 6) 
 
Where  stands for the perturbed variable, X for the real variable, H for the prediction horizon and A for the 
heteroskedastic amplitude. The function rand(a±b) picks a pseudorandom number between a-b and a+b. It can be 
seen from eq. 6 that the amplitude of the perturbation grows with time, which stands for a growing uncertainty as the 
distance in the future increases. This kind of time series is heteroskedastic, that is, it presents a time-varying 
variance. This perturbation is applied both for ambient temperature and solar radiation, but for solar radiation 
perturbation is not applied at night (solar radiation equal to zero), which is a perfect forecast by simple astronomical 
considerations. 
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Fig. 1. MPC comfort tracking for perfect weather forecast in winter. 
 
 
 
 
 
 
 
 
 
 
Fig. 2. MPC comfort tracking for perfect weather forecast in summer.
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Once the forecast algorithm has been set up, the impact of the weather forecast uncertainty can be assessed. To 
do so, one hundred of samples of a Montecarlo run are performed for heteroskedastic amplitudes in the range from 0 
to 30, at a step size of 5 units. 
Results can be seen in Fig. 3 and Fig. 4, where cumulated discomfort according to eqs. 2 and 3 is presented 
against different heteroskedastic amplitudes. The centered line represents the mean for the hundred runs and the 
grey zone expands through the minimum at the maximum value for that amplitude. It can be seen that, as expected, 
as the amplitude increases the cumulated discomfort also does. It is also remarkable, as a first conclusion, that the 
impact on summer (Fig 3) is much higher than for winter (Fig 4). This is due to the solar radiation level (see Fig. 1 
and 2) and leads to the first conclusion: solar radiation is a key variable and more attention is should be paid during 
its maximum values, that is, in summer. From the physical point of view it can be interpreted as the sensitivity of the 
system to the amount of energy introduced directly, whereas other variables such as ambient temperature influence 
through a variation in the boundary conditions in a conduction heat flow problem, which effect is clearly attenuated. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Fig 3.Cumulative discomfort impact of weather forecast uncertainty in winter. 
Once this graphs are drawn it is easy to get the forecasting accuracy required for a certain application. For a fixed 
cumulated disomfort tolerance it can be found easily the heteroskedastic amplitude for which the maximum 
cumulated discomfort holds. Any weather forecasting fulfilling this requirement will be suitable for MPC under 
these assumptions. 
3.3. Weather forecast uncertainty impact reduction in communities of buildings 
Once a single building case has been described and analyzed, the weather forecast uncertainty impact on the 
cumulated discomfort of a community of buildings can be addressed directly. A community of buildings is defined 
as an interacting collectivity of thermally connected NZEBs.  
For a community comprised of a set of k NZEBS the uncertainty impact for fixed heteroskedastic amplitude is 
reduced by a factor of k1/2, provided that: 
1. The energy system allows discomfort to be balanced between buildings. 
2. For a single building the uncertainty impact on the cumulated discomfort follows a normal distribution. 
3. The confidence interval for the community forecast uncertainty impact on the cumulated discomfort is 
fixed at 95% (note: Z¢/2Ĭ2) 
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Fig 4. Cumulative discomfort impact of weather forecast uncertainty in winter. 
This result is deduced from the estimation of the mean of a normally distributed population from a sample of 
fixed size. The interested reader is referred to undergraduate and graduate statistical textbooks for further 
documentation on the mathematical procedure. 
From the physical point of view, this means that discomfort levels in one building of the community can be 
balanced through discomfort levels from a building. That is, for example, is one of the buildings requires more 
cooling than expected and another one requires of more heating, in principle, the energy system can compensate 
both situations. However, in reality this could be very optimistic, since the energy system performances are not 
symmetric, that is, the performance of the system for cooling is not the same as for heating. That balance should also 
be taken in account when dealing with communities. 
4. Conclusions 
Solar irradiance forecasting has a wide application field in solar systems power production prediction. As a 
function of the selected application certain accuracy for the solar forecast is required. The uncertainty of the 
different solar forecasting techniques is highly sensitive to the prediction horizon, as well as the availability or cost. 
The Model Predictive Control problem for the comfort tracking of a generic building has been stated in its 
mathematical form a case study has been selected and detailed for the study. A cumulated discomfort objective 
function has been defined. 
The proposed MPC scheme has been validated by showing the optimality of the control related to comfort 
tracking. This validation has been done for two different weeks representing the heating and the cooling seasons, 
respectively. 
A heteroskedastic pseudorandom perturbation function has been introduced to emulate the uncertainty of the 
weather forecast. Then, through a Montecarlo simulation it has been shown that a quantitative assessment of the 
forecasting quality can be addressed. Moreover, it is shown that solar radiation is the key variable to deal with in 
weather forecast. Finally, it is shown that for a community of buildings requirements can be relaxed, as a detailed 
function of the size of the community. 
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The methodology here described extends the solar irradiance forecast models benchmark possibilities beyond 
power production prediction to the thermal comfort management problem. Improvement of the thermal comfort 
models in the methodology will drive future research. 
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